ABSTRACT
Introduction
There are numerous studies on the determinants of tobacco consumption focussing on issues such as, for example, the impact of the smoking behavior of parents and peers or education on smoking incidence (see, for example, Gruber and Zinman (2000) . However, surprisingly little is known about gender differences in tobacco consumption. Existing empirical studies usually include only a gender dummy variable in their specification or focus on differences in the price and income elasticities of tobacco consumption between males and females (see, among others, Townsend et al. (1994) , Chaloupka and Pacula (1999) , Hersch (2000) and Yen (2005) ). In addition, some studies try to explain gender differences by a different responsiveness to anti-smoking policies, such as clean indoor air restrictions or youth access laws (see, among others, Townsend et al. (1994) and Chaloupka and Pacula (1999) ).
It is well known that more males than females smoke. According to Jhaetal (2002) about 47% of all men but only 11% of all woman smoke. In addition, there are remarkable differences in the smoking prevalence of males and females across countries. Whereas there are about 12 times as many men smokers as women smokers in India and four times as many in Japan and Pakistan, almost as many women as men smoke in the European countries and the US (WHO (2005) ). In 2005, about 22% of all women and 32% of all men in Germany smoked.
1 In many developed countries the share of smokers among women recently approached the respective share among men, mainly because of a sharply decreasing smoking prevalence among the latter (WHO (2005) ).
From a policy perspective it is of interest whether these gender differences in smoking prevalence could mainly be explained by differences in core economic characteristics or whether they are mainly due to behavioral differences. This knowledge would help, for example, to design anti-smoking policies, such as media campaigns, in a more efficient way by addressing specific target groups. The psychological literature concludes that gender differences in tobacco consumption are mainly due to different behavior, having its roots in traditional sex roles. Waldron (1991) , for example, identifies three main reasons for gender differences in smoking behavior: (i) general characteristics of traditional sex roles lead to social pressure against female smoking, (ii) traditional sex role norms cause differences in personal characteristics leading to more or less acceptance of smoking (e.g. rebelliousness among males is more accepted than among women and causes higher smoking rates), (iii) sex roles influence the assessment of costs and utility of smoking (e.g. a thin women's beauty ideal makes weight control more important for women and therefore increases the benefits of smoking).
This paper provides a detailed descriptive picture of gender differences in the number of cigarettes smoked in Germany and decomposes this difference into a part that is due to differences in socioeconomic characteristics between males and females and a part that is due to differences in coefficients. The latter will be interpreted as gender differences in smoking behavior. For this purpose, we develop a decomposition method similar to the method proposed by Blinder (1973) and Oaxaca (1973) for count data models. The Blinder-Oaxaca-decomposition and its various generalizations have almost exclusively been used in linear regression models. A decomposition method for models with binary dependent variables has been developed by Fairlie (1999 Fairlie ( , 2003 . Bauer and Sinning (2005) have derived a decomposition method for Tobit-models, which allows the decomposition of differences in corner solution outcome variables between two groups.
Our empirical results indicate that gender differences in cigarette consumption are mainly due to a different smoking behavior rather than differences in observable characteristics. Almost 86% of the gender difference in the number of cigarettes smoked per day is due to differences in the estimated coefficients and only 14% due to different characteristics. This result is very robust across different regression models and different data sets.
The remainder of the paper is structured as follows. In the next section we present the data used for the empirical analysis and in Section 3 we develop a decomposition method for count data models. Section 4 presents our estimation results. Section 5 concludes.
Data
Our empirical analysis employs data from the German Socio-economic Panel (SOEP). To test the robustness of our results, we also utilize data from the Population Survey on the Consumption of Psychoactive Substances in Germany (PSCPS) collected by the Institute for Therapy Research (Institut für Therapieforschung), IFT Munich (see Kraus and Augustin (2001) for a detailed description). The surveys were collected in the years 1980, 1986, 1990, 1992, 1995, 1997, and 2000. Because we also want to analyze whether our results change when including parental smoking behavior as explaining variables when estimating smoking participation, only the first four waves might be considered, when questions about parental smoking were asked in the survey. However, the 1992 wave of the PSCPS lacks information on the number of inhabitants of the city of a respondent. In our empirical analysis, we therefore focus only on the first three waves. Differences to the SOEP data exist in particular with respect to the sampling frame of the PSCPS, which aims especially at younger respondents (aged 12 to 24 in 1980, aged 12 to 29 in 1986 and aged 12 to 39 in 1990) . Moreover, in contrast to the SOEP, the PSCPS does not include foreign citizens. Furthermore, no information is available on the vocational degree of a person with the consequence that different to the SOEP years of education is measured only based on schooling degrees. The estimates based on the PSCPS include a variable indicating the number of children. It further lacks information about the type of job (white / blue collar worker).
Descriptive statistics on all variables used for both samples are shown in Table 1 . The differences between the SOEP and the PSCPS can mainly be attributed to the different sampling frame of the two data sets. In both samples men smoke more cigarettes per day than females; about 1.7 times more in the SOEP and almost 1.5 times more in the PSCPS. Furthermore, in the PSCPS both men and women smoke on average more cigarettes per day than in the SOEP, indicating that younger persons smoke relatively more than the average person.
Empirical Strategy
To investigate gender differences in smoking behavior, we apply a Blinder-Oaxacatype decomposition, which permits the decomposition of gender differences in the number of cigarettes smoked per day into a part that is caused by differences in observable characteristics and part that is explained by differences in estimated coefficients. In the following, we will interpret the latter part as the component that reflects gender differences in smoking behavior. Since our outcome measure is given by a count data variable, the application of the conventional Blinder-Oaxacadecomposition for linear models is not appropriate. We therefore derive a BlinderOaxaca-type decomposition method for count data models.
Consider the following linear regression model, which is estimated separately for the groups g = m, f
where C ig represents the number of daily smoked cigarettes of individual i (i = 1, ..., N g ) in group g, X ig is a vector of observable characteristics (as described in section 2), β g denotes a vector of parameters to be estimated, and ε ig is a standard error term. For these models, Blinder (1973) and Oaxaca (1973) propose the decomposition
where
refers to the conditional expectation of C ig evaluated at the parameter vector β g . The first term on the right hand side of equation (2) displays the difference in the outcome variable between the two groups that is due to differences in observable characteristics, whereas the second term shows the differential that is due to differences in coefficient estimates. In a linear regression model, equation (2) reduces to the well-known formula for the Blinder-Oaxaca decomposition:
The linear regression model, however, may lead to biased estimates of the parameter vector and hence misleading results of the decomposition, if the outcome variable C ig is given by a count data variable. In this case, regression models for count data are required to obtain consistent parameter estimates. Using the Poisson regression model as a benchmark for the analysis of count data (Winkelmann (2000)), we derive a general decomposition method for count data regression models. The Poisson regression model (P) assumes that the dependent variable C ig conditional on the covariates X ig is Poisson distributed with density
and conditional expectation
Equation (4) reveals that the conventional Blinder-Oaxaca decomposition of the outcome variable is not appropriate for count data variables. However, one can use equation (2) to derive a Blinder-Oaxaca-type decomposition for count data models.
Given a sample counterpart of the conditional expectation of C ig evaluated at β g ,
the components of equation (2) can be estimated bŷ
For the Poisson-model, the sample counterpart of E βg (C ig |X ig ) is given by
The Poisson-model is based on the assumption that the dependent variable has the same mean and variance µ ig = exp(X ig β P g ). If this assumption is violated, an alternative conditional distribution of the dependent variable may be specified that permits a more flexible modeling of the variance of the dependent variable. An alternative to the Poisson regression model is given by the negative binomial (Negbin) regression model (NB), which relaxes the assumption of equality of the conditional mean and the variance of the dependent variable, while it assumes the same form of the conditional mean as the Poisson-model. Consequently, the sample counterpart of the conditional mean of the Negbin regression model is
However, in the Negbin model a quadratic relationship between the variance and the mean is assumed:
where α is a scalar parameter.
In addition to the Poisson and Negbin regression models, zero-inflated models are frequently used when analyzing count data. These models take into account that real-life data may contain excess zeros, causing a higher probability of zero values than is consistent with the Poisson and negative binomial distribution. In this case it could be assumed that zeros and positive values do not come from the same data generating process. Winkelmann (2000) provides an overview of zero-inflated Poisson and Negbin models.
In order to investigate the probability of excess zeros, Lambert (1992) proposed a zero-inflated Poisson model, that allows for two different data generating regimes: the outcome of regime 1, R1, is always zero, whereas the outcome of regime 2, R2, is generated by a poisson process. In this model, the (so-called) "unconditional" expectation of the dependent variable consists of the conditional probability of observing regime 2 and the conditional expectation of the zero-truncated density:
Lambert (1992) specifies the conditional probability of regime 1, that always leads to a zero outcome, as a Logit model:
,
where Z ig contains the covariates of the conditional probability of excess zeros and γ g is the parameter vector to be estimated. Consequently, the unconditional mean of the dependent variable specified by equation (9) can be estimated by
.
Given that the zero generating process is based on a logistic distribution, a similar sample counterpart can be derived for the unconditional mean of C ig in the zeroinflated Negbin model:
Hurdle models represent another modification of count data models. The hurdle model may be interpreted as a two-part model, where the first part is a binary outcome model, and the second part a truncated count data model. The unconditional mean of the dependent variable is given by:
According to Cameron and Trivedi (1998) the conditional expected values of C ig of the hurdle Poisson (HP) and the hurdle Negbin (HNB) model are given by
and
Consequently, assuming a logistic distribution for the underlying zero generating process, the unconditional expected values can be estimated by the following expressions:
(
In the following, we present the estimates and decomposition results of the different count data models described in this section.
Results
To investigate differences in the smoking prevalence between males and females, we estimate the count data models described in the last section separately for men and women, i.e. we estimate Poisson and Negbin models as well as Hurdle and Zero-inflated Poisson and Negbin models. Using likelihood-ratio tests and Voung tests (Vuong (1989)) for non-nested models, we test the different models against each other. The descriptive statistics reported in Table 1 already suggest that our dependent variable suffers from over-dispersion. Hence it is not surprising that all our tests reject the different Poisson models in favor of the Negbin-models for both males and females. The likelihood ratio test further rejects the Negbin-model in favor of the Hurdle Negbin model. Testing the hurdle models against the Zeroinflated model using the Voung test finally shows that the zero-inflated Negbin model describes the data best for both gender groups. This result indicates that there are two types of individuals reporting zero consumption of cigarettes: (i) nonsmokers, who will never smoke; and (ii) potential smokers, for some of which zero consumption is, for example, a strictly economic decision. Table 2 presents the estimation results of the zero-inflated Negbin model. 5 For both males and females the potential of being a non-smoker follows an U-shaped pattern with age. Compared to those not participating in the labor market, unemployed and blue-collar workers have a lower probability of being a non-smoker. Generally, white collar workers have a significantly higher probability of being non-smoker than blue collar workers. Separated, divorced or widowed individuals are significantly less likely non-smokers, as are individuals living in urban compared to those living in rural areas. There are some remarkable differences between males and females. Whereas females in East-Germany are more likely non-smokers than those in WestGermany, this difference appears not being significant for males. A similar result appears for females with a foreign citizenship. In turn, males in educational training have a significantly lower and males with a monthly income above 2000 Euros a significantly higher probability of being a non-smoker than those not participating in the labor market and those with a monthly income below 1000 Euros, respectively. For the female sample the respective coefficients are statistically insignificant.
Conditional on being a potential smoker, the number of cigarettes smoked per day follows an inverted U-shaped age profile for both males and females. East Germans smoke significantly less cigarettes than individuals living in the West, and those living in urban areas smoke significantly more than persons living in rural areas. With respect to the rest of the coefficients there appears a different pattern by gender. Potential female smokers in educational training smoke significantly less than those not participating in the labor force as are females with a foreign nationality if compared to German females. Potential male smokers with a blue-collar full-time or part-time job as well as unemployed males consume significantly more cigarettes than those not participating in the labor market and male white-collar workers smoke less cigarettes per day than male blue-collar workers. The results, however, do indicate a significant difference between male white-collar workers and men not-participating in the labor market. Being separated, divorced or widowed increases cigarette consumption of potential male smokers if compared to single males. Males with a monthly income above 2000 Euros have a lower probability of being a potential smoker, but conditional on being a potential smoker they smoke significantly more cigarettes than those with lower income.
The estimation results for the PSCPS data are presented in Table 3 . Although the estimated coefficients are insignificant in many cases, the findings suggest that the estimates in Tables 2 and 3 do not differ substantially from each other. Again, the number of cigarettes smoked per day follows an inverted U-shaped pattern with increasing age. Persons in urban areas smoke significantly more than comparable persons residing in rural areas. Moreover, separated, divorced or widowed men smoke significantly more than single men while females smoke significantly less if they are married.
The results of the decomposition analysis for count data models described in the last section are reported in Table 4 for the SOEP, and in Table 5 for the PSCPS. For all but the hurdle Negbin model the results of the decomposition analysis are rather stable across the different models and across the two data sets. Note that only the hurdle Negbin model does a poor job in predicting the gender difference in cigarette consumption.
Overall it appears that most of the differences in the daily consumption of cigarettes between males and females is due to differences in the estimated coefficients and hence differences in smoking behavior rather than differences in observable characteristics. Referring to the Zero-inflated Negbin model -the model which appears to describe the underlying data generating process best -86% of the difference could be explained by differences in coefficients and only 14% by different observable characteristics. A similar picture emerges when using the PSCPS. Here more than 96% of the gender difference in cigarette consumption is due to differences in coefficients and only 4% due to differences in observable characteristics. 6 The differences in 6 The results do not change when controlling for parental smoking behavior in the smoking the results of the PSCPS if compared to the respective results based on the SOEP may be explained by the fact that we can not account for the type of job (white vs. blue-collar worker) in the PSCPS.
Conclusion
In almost all countries less females smoke than males. From a policy perspective it is of great interest whether the gender differences in smoking prevalence could mainly be explained by differences in core characteristics or by a different smoking behavior. Having evidence on the sources of the differences in tobacco consumption between males and females may help, for example, to make anti-smoking policies more effective by enabling the policy makers to address specific target groups. The results of Chaloupka and Pacula (1999) indicate for example that clean indoor air laws were correlated with a decreased smoking participation only for (white) males.
In this paper we provide a detailed analysis of the determinants of cigarette consumption of males and females in Germany. In order to decompose the gender difference in cigarette consumption into a part that can be explained by different characteristics and a part that can be explained by a different smoking behavior, we develop a decomposition method for count data models that follows the well-known Blinder-Oaxaca decomposition for linear regression models. The results from our empirical analysis show that more than 86% of the gender difference in the number of cigarettes smoked per day can be explained by a different smoking behavior, indicating that anti-smoking policies can be more effective if they take these behavioral differences into account.
participation equation. Notes: *** significant at 1%; ** significant at 5%; * significant at 10%. Number of observations: 22,264 women, 20,761 men. Weighted estimation using weights provided by the SOEP. Standard errors, which are reported in parentheses, are adjusted to take repeated observations into account. Reference group is a single individual, not participating at labor market with a monthly income less than 1000 Euro and with parents both having a low school degree. The regression further includes year dummies. Notes: Bootstrapped (100 replications) standard errors. *** significant at 1%; ** significant at 5%; * significant at 10%. 
